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2 dominated the output uncertainty of the LCA results, although these properties had low sensitivity in the model. Moreover, the uncertainties associated with the physico-chemical properties were responsible for output uncertainties that spanned from impacts to benefits. The GSA approach applied in this study constitutes a valuable tool for systematically assessing the importance of waste composition and for consciously collecting and using waste composition data within LCAs of waste management systems. 
Introduction
The composition of waste materials is of fundamental importance not only for emissions during waste treatment (e.g. incineration) and final disposal (e.g. landfilling), but also for the potential recovery and recycling of useful resources. The chemical composition of the waste also plays a fundamental role for the sustainability of circular economy paradigms (European Commission, 2015) within the increasing complexity of material cycles (i.a. . Thereby the waste composition may directly influence the environmental performance of individual waste management solutions. For Life Cycle Assessment (LCA) of waste management, this means that the type of materials present in waste (e.g. paper, plastic, metals, and organic fractions), as well as the chemical composition of these materials, may critically affect the results from LCA modelling. As such, waste composition -and the data representing this -plays an important role for environmental assessments of waste solutions, as well as for the sustainability of transforming linear production into cycles of materials. Despite this, very few examples exist in which these aspects have been discussed from an LCA perspective. So far, the importance of waste composition data in waste LCA modelling has not been quantified.
The reference flow of waste-related LCAs is typically defined as a specific amount of waste, often composed of heterogeneous materials. These materials are usually characterized at a fractional and a physico-chemical level, representing the so-called waste composition (e.g. Götze et al., 2016) . The fractional composition quantifies the proportions between waste material fractions (e.g. plastic, paper, metal, etc.), while the physico-chemical composition quantifies the properties associated with each of M A N U S C R I P T
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4 these fractions (e.g. calorific value, Ca and Cd contents, fossil C, biogenic C, etc.). So far, most LCA studies in literature involving waste management have heavily relied on secondary data, typically obtained from a mix of different studies in the literature (e.g. Aye and Widjaya, 2006; Cherubini et al., 2008; Fruergaard and Astrup, 2011; Arena and Di Gregorio, 2014) . As also pointed out in the literature, waste composition data may significantly influence the results (e.g. Slagstad and Brattebø, 2013; Clavreul et al., 2012; Laurent et al., 2014) . Due to the unavailability of international standard methodologies for characterizing the waste Gentil et al., 2010) , the various data sources involve a variety of assumptions, analytical methods, and spatiotemporal scopes that ultimately result in high uncertainty Laurent et al., 2014a) , especially associated with the physico-chemical properties of the waste . Ideally, waste LCA studies should quantify to which extent the waste composition data affects the LCA results as well as the final uncertainty of these results. This has, however, never been done.
The multi-allocation feature of waste LCAs has been addressed by linking part of the emissions to specific properties of the reference flow (e.g. Finnveden et al., 1995) . Similarly, Köhler et al. (2007) and Li et al. (2013) created a causal relationship between emissions and properties of the input flow for wastewater treatment LCA. Nielsen and Hauschild (1998) investigated effects of changes in the waste input in emissions arising from different landfill types. They indicated that estimating environmental emissions using the composition of the input waste was more appropriate than simply neglecting the influence from the waste. Variations in LCA results originating from variations of the amounts of waste material fractions were addressed by Christensen et al. (2009 ), Passarini et al. (2012 and Slagstad and Brattebø (2013) . Here, it was highlighted that different fractional compositions did not change the ranking of the environmental performance of the scenarios assessed.
LCA results are not always influenced by waste composition data. This is only the case when the LCA model supports tracking of the individual material fractions and their associated chemical characteristics throughout the waste management scenario (Laurent et al., 2014b ). An example of such a model is EASETECH (Clavreul et al., 2014) . Most LCA tools (e.g. GaBi and SimaPro) do not allow
modelling of a reference flow consisting of a mix of materials and tracking of emissions from waste to the environment (Clavreul et al., 2014) . For these more generic tools, Life Cycle Inventories (LCIs) are often based on "average" or "modelled" reference flows with emissions that represent "average values"
for a particular waste treatment technology, and without reference to the specific input waste in question (Turconi et al., 2011) . Consequently, these models ignore any effects from the waste composition. Dedicated waste LCA models, e.g. EASETECH, allow a more accurate representation of the waste materials and distinguish between direct and indirect contributions from the reference flow to the emissions. Uncertainty propagation in waste LCAs has been addressed on a parameter level (i.e.
input values in the LCA model) and organized in step-wise procedures (Bisinella et al., 2016; Clavreul et al., 2012) . Like for any other scenario parameter value, the importance (contribution to the uncertainty of the results) of waste composition data can be quantified through Global Sensitivity Analysis (GSA),
i.e. accounting both for the sensitivity of a parameter in a specific scenario configuration and for the intrinsic uncertainty of this parameter.
Recent reviews have revealed that the selection of waste datasets most often is poorly described and inadequately justified , despite the relevance of quantifying the importance of waste composition data in waste LCAs and the availability of dedicated tools. So far, the variations in LCA results caused by the choices of the waste dataset have been addressed only qualitatively or by means of scenario analysis (Slagstad and Brattebø, 2013) and without any quantitative contribution, sensitivity, or uncertainty analyses. Previous studies on uncertainty propagation in waste LCAs have focused more on uncertainty from technical parameters and only on a small selection of waste properties (Bisinella et al., 2016; Clavreul et al., 2012) . On the other hand, relatively large variations have been reported for physico-chemical waste properties .
The aim of this study is to provide an in-depth analysis of the importance of waste composition for LCA results of waste management solutions. This includes the following more specific objectives: i) application of GSA for quantification of uncertainties in the results associated with waste composition data; ii) quantification of the importance of waste composition data with respect to both direct and M A N U S C R I P T
6 indirect contributions to average results and uncertainty; and iii) identification of critical physicochemical properties of the waste.
The GSA approach and assessment method are presented in Section 2. The study applies a literature dataset with quantified uncertainties for assessment of three illustrative waste management scenarios representing archetype European waste solutions. The results of the GSA approach, presented in Section 3, are discussed in Section 4 with specific focus on the i) applicability of uncertainty assessment for waste composition data, and ii) specific challenges associated with application of highly uncertain waste composition data in comparative LCAs of waste management over multiple impact categories.
Materials and methods
This study quantitatively examined the effects of waste composition data on LCA results and uncertainty. A waste composition dataset obtained from a comprehensive literature review and complete with uncertainty was utilized in an LCA model assessing three archetypal waste management solutions. The effects on results and uncertainty were quantitatively assessed with a GSA approach involving contribution, sensitivity, uncertainty and discernibility analyses. The LCA model was a dedicated waste-LCA tool. The quantitative assessment of the LCA model results was performed in Excel spreadsheets. The following Sections present the waste composition data, the LCA model, the assessment method and the waste management case study.
Waste composition data
For this study, a comprehensive waste composition dataset with quantified uncertainties was needed. Such a dataset was obtained through a combination of three sources: i) Data for the relative shares of individual material fractions in Danish household waste ;
ii) Data for the physico-chemical properties for numerous waste material fractions obtained from a literature review of 97 publications ;
Data for Total Solids (TS) and the associated moisture content of material fractions in Danish household waste (Riber et al. 2009 , also included in Götze et al., 2016) .
In combination, the dataset represents typical Danish household waste, but assuming that the physico-chemical properties of individual material fractions actually vary according to the ranges found in literature. Therefore, the dataset can be considered to represent the maximum uncertainty ascribable to the current waste composition variability in the literature. While a concrete study may involve casespecific data with lower uncertainties, the selected dataset is considered appropriate for the purpose of this study. Table 1 Parameters such as volatile solids (VS) and ash contents were retrieved as % TS from Götze et al. (2016) . Since used a larger number of fractions than Götze et al. (2016) , nine common material fractions were defined: food waste, gardening waste, paper and cardboard, composites, plastic, combustibles, metal, glass, and inert waste (see Table 1 ).
The modelling used median values of the physico-chemical data provided by the distributions in Götze et al. (2016) for the corresponding fractions of . Uncertainties were assumed to be described by triangular probability distributions characterized by the minimum, maximum and mode values from Götze et al. (2016) . As the mode values frequently coincided with either the minimum or the maximum, the distributions were highly skewed with large coefficients of variation (CV), especially for the metals (Table S9 , Supplementary Material). Uncertainties related to the fractional composition were assumed to be triangularly distributed as well, with a 10 % uncertainty around the mean value for all material fractions.
The waste composition dataset of Riber et al. (2009) was selected as reference illustrating an individual dataset that has been applied in a wide range of waste LCA studies both for Danish conditions as well as for other regions (e.g. Jensen et al., 2016; Montejo et al., 2013; Tonini and Astrup, 2012) . The material fractions of this dataset were aggregated according to the same nine material fractions mentioned above. No uncertainties existed for the data from Riber et al. (2009) . As such, this dataset represented an example of a singular dataset widely applied for waste LCAs. Single-point results based on this dataset were used for comparison with results based on the "literature dataset".
LCA model implementation
The LCA was carried out with the EASETECH model (Clavreul et al., 2014) . As previously 
Assessment method
The results were evaluated based on a step-wise approach for quantitative uncertainty assessment provided by Bisinella et al. (2016) for the full list of ILCD-recommended impact categories (European Commission, 2010). The following GSA framework was applied with focus on the three types of waste input data as well as on the relevant technology parameters (for details, please refer to Supplementary
Material, Tables S4 -S6):
• Step 0. Contribution analysis: Calculation of LCA results; quantification of direct (input-specific) and indirect (LCI or process-specific emissions per property of the reference flow) contribution of waste composition to the results.
• Step 1. Sensitivity analysis: One-at-a-time (OAT) perturbation of each scenario parameter (both waste input and technology parameter: e.g., fossil C content of plastic waste, electricity recovery from incineration, etc.) by 10 % and calculation of sensitivity coefficients (SCs) and sensitivity ratios (SRs). On this basis, normalized sensitivity ratios (NSRs) were calculated, see Eq.
(1). For i=1,…,n representing the tested parameters and j=1,…,m representing the impact categories, then the NSRs are defined as:
Identification of the most sensitive parameters in the individual scenarios is then done by rankordering the calculated coefficients. Fractional and TS parameters do not comply automatically with the assumption of independence that is underlying both the analytical and Monte Carlo uncertainty propagations (Bisinella et al., 2016) . By varying the fractional composition also TS is affected (given as percentage of waste fraction weight).
Similarly, also the physico-chemical properties of the reference flow are affected because these parameters are expressed relative to TS. In order for the functional unit to be respected during OAT perturbations and calculations of SRs, the reference flow was always "re-normalized" to the selected unit of 1 tonne. Results for fractional and TS parameters were kept separate throughout the quantified uncertainty assessment to ensure transparency.
Waste management case-study
For illustration of the importance of waste composition data, three waste management scenarios for treatment of Danish household waste were assessed. The scenarios were adapted from Jensen et al.
(2013) and Bisinella et al. (2016) . The main features of the three scenarios are: (S1) source segregation and recycling of paper, cardboard and glass and incineration of the residual waste with energy recovery; (S2) same as S1 but with additional source segregation of organic waste routed to anaerobic digestion and on-land application of digestate; (S3) same as S1 but with landfilling of the residual fraction. The technology process models were obtained from the process library of EASETECH (Clavreul et al., 2014) . The following impact categories were included: climate change (GW), stratospheric ozone depletion (OD), human toxicity, cancer (HTC) and non-cancer effects (HTNC), ionizing radiation (IR), photochemical ozone formation (POF), freshwater eutrophication (FE), marine eutrophication (ME), freshwater ecosystem toxicity (ET), fossil resources depletion (RDFOS), and metals/minerals depletion (RD), terrestrial acidification (TA), terrestrial eutrophication (TE) and particulate matter (PM).
Characterization methods and normalization references were selected among those recommended by the ILCD (European Commission, 2010). The time horizon is 100 years and the reference flow 1 tonne of waste. The modelling followed a consequential approach with multi-functionality addressed by substitution. Please refer to the Supplementary Material for detailed descriptions of scenarios, waste technologies and data uncertainty.
Results

Normalized results
Figure 2 presents the normalized impact scores in person equivalents (PE) for the dataset from Götze et al. (2016) for S1, S2 and S3. The magnitude of impacts and savings varied significantly among scenarios and impact categories, with relatively similar results for S1 and S2 for OD, IR, RD, POF, TA, TE and PM due to the shared processes of incineration and material recycling. S1 provided the lowest impacts for all impact categories except FE, mostly due to the higher share of incinerated waste and energy recovery. S2 provided the largest benefits in the FE impact category due to substitution of M A N U S C R I P T
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12 mineral fertilizer with the nutrients contained in the digestate produced from anaerobic digestion of organic waste. However, S2 also showed the highest impacts in the categories HTNC and ET due to metal emissions to soil by application of digestate on agricultural land. Overall, S3 had considerably lower benefits than S1 and S2. S3 obtained the highest impacts especially for ME due to management of landfill leachate, but also for the impact categories OD, HTC, POF, FE, ET and TE.
Normalized results for the three scenarios were also determined based on the dataset from Riber et al. (2009) (Figure 2 ). For S1, the Riber et al. (2009) dataset provided higher savings mostly due to the higher energy content of the waste, while higher impacts were observed due to heavy metal concentrations that were higher than the averages reported in Götze et al. (2016) . The results for the two datasets provided the smallest difference for S3, which was characterized mainly by processspecific impacts, except for GW where Riber et al. (2009) provided higher impacts due to higher contents of anaerobically degradable C. While the ranking between scenarios within the individual impact categories was not affected by the two datasets, the results differed in absolute magnitude. This illustrates that the waste composition cannot be ignored a priori.
Contribution analysis
The relationships between waste composition data and the results were different for the three scenarios, due to the different technologies included in the scenarios. Figure 2 presents the contribution analysis results. See Table 2 for an overview of absolute contributions from the waste composition data (input-specific emissions) to the results for each scenario and impact category.
For S1, the influence from waste composition data was dominated by incineration. LCIs for electricity and heat recovery are linked to the energy content of the waste input, while direct inputspecific emissions occur for fossil C and metals (As, Cd, Cr, Cu, Ni, Hg, Pb and Sb). For GW, 30 % of the impacts were associated with direct input-specific emissions, while LCIs associated with background processes contributed with up to 50 % in most of the impact categories.
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In S2, the results were affected also by the waste composition data through the anaerobic digestion process. The anaerobically degradable part of C influences the amount of produced biogas, which is linked both to emissions to air and digestate production. Direct biogas emissions to air are thus input-specific, while background processes associated with electricity and heat substitution from biogas combustion are connected to the properties of the input, like other process-specific emissions.
Moreover, N and biogenic C in the waste affect direct input-specific emissions from the digestate to air during stabilization and to soil and water during use-on-land. Biogenic C also affects soil carbon contents (and storage), leading to input-specific savings. Application of digestate on agricultural land causes input-specific emission of metals (As, Cd, Cr, Cu, Ni, Hg, Pb, Sb and Zn) as well. The substitution of mineral fertilizer production is linked to the input contents of nutrients in the waste (N, P, K), to which also the avoided process-specific emissions of heavy metals from saved fertilizers are connected. Direct waste input-specific emissions were significant for several categories: GW (28 %) and ME (24 %), but especially for HTC (68 %), HTNC (91 %), and ET (77 %) due to metals emissions to soil. The LCIs of background processes linked to the input mostly affected FE results (90 %) through fertilizer substitution.
For S3, the results were influenced by the waste composition data only through biogenic and anaerobically degradable C. The anaerobically degradable part of the C affects biogas and leachate generation, and thus the emissions associated with these flows. Other gaseous emissions within the landfill gas were modelled as process-specific emissions per property of the input, similar to processspecific emissions associated with landfill gas combustion and oxidation through the top cover. The
LCIs associated with electricity and heat substitution from gas utilization were connected to the input through the amount of biogas produced. Regarding leachate, concentrations of substances were obtained as process-specific emissions; thereby emissions through leachate were indirectly connected to the anaerobically degradable C. Finally, the biogenic C is linked directly to the saved emissions from stored C. Direct input-specific impacts primarily affected GW (32 %) due to C storage in soil. In this M A N U S C R I P T
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14 scenario, the process-specific emissions were dominating the results for OD (99 %), HTC (97 %), FE (80 %), ME (96 %) and ET (75 %).
Sensitivity analysis
Ranking of SRs and NSRs for each scenario and impact category can be found in the Supplementary Material (Tables S11 -S16 ). Overall, the relative shares of the material fractions mostly provided higher SRs than the TS or the physico-chemical properties. In rankings involving only physico-chemical and technology parameters, the technology parameters generally provided the highest sensitivities. Parameters such as electricity and heat recovery and source segregation efficiencies were among the most sensitive parameters, in accordance with Bisinella et al. (2016) , while nutrients and metal concentrations generally provided relatively low sensitivities. It should be realised, however, that energy recovery is indirectly affected by the input energy content (and thereby also by the waste composition data). The highest variations from the median results were provided by the following technology parameters: process-specific NOx emissions from the incinerator for S1, heat recovery for S2 and water infiltration in the landfill for S3.
Global importance analysis
The previously calculated SCs were utilized to determine the output uncertainty analytically based on the input uncertainty. Rankings of the resulting uncertainties for each scenario and impact category are provided in the Supplementary Material (Tables S17 -S22 
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The output uncertainty was mainly characterized by the physico-chemical properties, especially for S1 and S2. On average, the absolute contribution to the uncertainty from the physico-chemical properties was 81 % for S1, 92 % for S2 and 77 % for S3. Parameters connected to the fossil C, VS and energy content dominated the output uncertainty for most impact categories, as also illustrated by the contribution and sensitivity analysis. Electricity and heat recovery efficiencies had considerably less importance. The input metal concentrations, which had low SRs, were the parameters primarily responsible for the uncertainty for HTC, HTNC and ET. For S3 most of the uncertainty was associated with biogenic C and associated technical parameters (e.g. additional substances emitted per volume of biogas produced, gaseous emissions from the landfill top cover). Overall, parameters that did not score any SC also did not contribute to the output uncertainty. The largest CVs were obtained for HTC and RD in S1, HTC, HTNC, ET and TE in S2, and OD in S3. This was due mainly to the large output uncertainty associated with metal contents in the waste. An approximate analytical output uncertainty was also calculated for the fractional and TS parameters, with the results reported in Tables S17 -S19 (Supplementary Material). These results indicate that the fractional parameters may be important for the output uncertainty, despite the limited input uncertainty of these parameters.
Following the procedure of Bisinella et al. (2016) , the individual parameters were rank-ordered according to their contribution to the output variance. Using this ordering, the accumulated sums of the variances were obtained, and the number and the nature of the parameters contributing mostly to the overall scenario uncertainty were assessed, see Figure S4 in Supplementary Material. For all scenarios, the model output uncertainty could be sparsely represented by only a limited number of parameters.
For S1, only 18 out of 417 model parameters were required to represent 90 % of the model output uncertainty across all 14 impact categories. Of these 18, only five were technology parameters, while the remaining 13 were waste input properties: mostly C fossil, energy, VS and metal (Cu, Hg, Pb) contents in individual waste material fractions. For S2, more than the 90 % of the model output uncertainty was represented by 23 out of 463 model parameters, across all impact categories. Only three of the 23 parameters were technology-related, while the majority of the model output uncertainty M A N U S C R I P T
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16 originated from physico-chemical waste properties: metals (Cu, Hg, Pb, Zn) nutrients (N, P) and anaerobically degradable carbon content of different waste material fractions. For S3, uncertainty propagation for only 18 out of 624 model parameters was needed to represent more than the 90 % of the model output uncertainty. Only three of these 18 parameters were directly linked to the biogenic and anaerobically degradable C of the waste. However, the majority of the remaining technical parameters was indirectly linked to the same input-specific properties through the volume of biogas produced. Please refer to Tables S20 -S22 for a detailed summary of the contributions for each scenario and impact category.
Uncertainty propagation and discernibility analysis
The total analytical uncertainty showed an average deviation of 5 % from the Monte Carlo results, complying with the observations of Bisinella et al. (2016) . In particular, the fractional and TS parameters showed very large variations between the two uncertainty assessment methods. and OD (-97 %) for S3. For S1 and S2, the output uncertainty of HTC, HTC, ET and RD is governed M A N U S C R I P T We now wish to compare the performance of the three scenarios taking the output uncertainty range into account. The results overlapped for most impact categories with exception of OD, IR, FE, TA and PM (however, always S3 showing inferior performance). Moreover, the uncertainty range for HTNC, ME, RD in S1, for POF, ME and RD in S2 and GW in S3 included both negative and positive values, indicating that the results can potentially change between benefits and burdens according to the contribution from physico-chemical properties. This is very important and illustrates the necessity of including uncertainties. The discernibility analysis in Table 3 shows that S1 still represents the best solution for all impact categories, with exception of FE. However, the input uncertainty diminishes the potential advantage of S1 especially for OD, HTNC and IR. In Table 3 , percentages close to 50 % indicate the largest possible overlap between the results. The uncertainty contribution analysis obtained from the GSA identifies the parameters contributing the most to the overlap of results. In the cases where S1 and S2 overlap, the uncertainty is most often associated with the same physico-chemical properties related to the shared incineration process (GW, OD, IR, POF, RD, TA, TE and PM). In the case of FE, the parameter contributing to the highest savings of S2 is P in food waste. The highest overlap occurs for HTNC, with the highest contributions from input-specific metals emissions for S1, and input-specific anaerobically degradable C and process-specific metal leaching for S3.
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Direct and indirect influence on results
Only a selected number of physico-chemical properties analyzed by Götze et al. (2016) affected the results, directly and indirectly. While the modelling of waste technologies complies with state-ofthe-art waste LCA studies (Clavreul et al., 2014) , the inherent choices of LCIs representing substituted processes (glass and paper recycling, energy and heat technologies, mineral fertilizers, etc.) could potentially change the magnitude of savings and change the effect of the properties of the input waste flow on the results. This conclusion is often brought forward by waste LCA studies, e.g. (Fruergaard and Astrup, 2011; Turconi et al., 2011) . However, based on the contribution analysis it was shown that the waste composition not only affects the direct input-specific contributions but also indirectly affects the contributions from process-specific emissions and emissions from external process LCIs. This is due to the linkage to properties of the waste (e.g. energy content with energy recovery and methane emissions with degradable C). So far, no waste LCA studies have quantified the importance of these contributions.
The data quality of external LCIs can also affect the contribution to results linked to the waste input. This may be due to lacking emission data and thus not contributing to impacts in some impact categories, or due to lowering the quality and representativeness of the waste composition data when linked to low-accuracy LCIs. Changes in the energy framework for substitution of electricity and heat, e.g. towards cleaner and fossil-free energy technologies, considerably change the impacts and savings connected to the waste input: this affects the indirect input-specific contributions to the results, but not the direct input-specific emissions or savings (e.g. C storage). This mechanism exists irrespective of the considered LCA scope. Thereby, the contribution analysis is suitable also for isolating parts of the results that could be affected by potential changes in the background system and, most importantly, which others would not change.
For all modelled scenarios the absolute direct and indirect contribution of the waste composition was 48 % in average. This clearly indicates that a large share of the environmental impacts associated with waste management is related to the waste input composition. Without LCA models that include M A N U S C R I P T
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19 both direct and indirect effects from waste composition, or at least without LCIs appropriate for the specific waste flows in question, the results from LCA studies of waste management are unlikely to represent reality.
Benefits of the GSA approach and uncertainty propagation
The results of the GSA and Monte Carlo uncertainty propagation showed high potential variability associated with the waste composition data available in literature. The contributions to the output uncertainty varied among the scenarios and impact categories, but had lower contributions for S3. The largest absolute uncertainties were related to impact categories connected with metal emissions.
The full importance of waste composition data can be quantified through the GSA approach by combining parameter sensitivity (SC which depends on the model structure) with input data uncertainty (actual variability of the parameters). The analytical uncertainty approximates the sampled uncertainty of the waste data adequately, but with considerably lower computational efforts. The results
showed that the waste related physico-chemical properties were in general characterized by lower sensitivities than the technology parameters. However, the physico-chemical properties provided considerably higher contributions to the output uncertainty. Therefore, if we include waste composition data in the modeling, sensitivity analysis alone is not sufficient for identifying critical parameters in LCAs of waste management. If the uncertainty had been propagated only for the most sensitive parameters, only a fraction of the actual uncertainty information would have been included in the results.
The additivity of variances allows identification of specific parameters that are critical for the total uncertainty in each impact category and selection of a subset of parameters that can sufficiently well (or "sparsely") represent the uncertainty. The analytical approach can, together with the contribution analysis, be employed as an initial screening of parameters in order to prioritize data quality, or to focus on a limited number of parameters within the waste composition dataset.
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Monte Carlo simulations allow illustration of the skewness of output uncertainty distributions.
This cannot be obtained with the analytical propagation. Through Monte Carlo simulations within EASETECH, the waste composition at every waste technology (or "unit processes") of the LCA model can also be retrieved as distributions. These distributions may provide indications of potential variability of the output flow compositions. Such variability may in turn affect the quality and recyclability of secondary materials. In some cases, these distributions in data were extremely skewed and had large uncertainties. This highlighted the importance of evaluating the shape of the distribution for parameters with large input uncertainties. For these parameters, the CVs calculated based on the analytical uncertainty were also high, suggesting that the analytically calculated CVs can act as indicators for situations when average impact values should be obtained from a Monte Carlo simulation.
Waste composition uncertainty within comparative LCAs
While the waste composition data evaluated in this study represent a wide uncertainty range found in the literature, the ranking of scenarios within the individual impact categories did not change when selecting specific datasets within this range (i.e. data represented by median values from either Götze et al., 2016 or Riber et al., 2009 . This observation was due to the measured low sensitivity of the waste characterization data and to the higher contribution from technical parameters and external LCIs to the overall results. However, the absolute results changed. Again this illustrates the significance of the waste composition data and indicates that randomly selected waste datasets cannot be used for quantification of absolute environmental impacts associated with waste technologies. Case-specific waste composition data are needed for appropriate environmental assessment of waste solutions.
Including the variability of the waste composition data with input uncertainty distributions outbalanced the low sensitivity of the physico-chemical properties and dominated the results. For some impact categories, the CVs were exceptionally high. In these cases, the distributions of the results for different scenarios were overlapping and required a discernibility analysis for identification of the best M A N U S C R I P T
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21 performing scenario. As such, the GSA approach can be used to identify the specific parameters that determine, which of two scenarios provides the lowest impacts. For some impact categories, the technology choices and background process selections were critical. This is seen in the case where overlapping results were caused by the same physico-chemical properties, as in S1 and S2. However, for other impact categories, such as HTNC, the physico-chemical properties themselves determined the preference between S1 and S3.
Uncertainty assessment and reference flow
As indicated in Section 2.3, determination of both analytical and Monte Carlo based uncertainty may for some parameters challenge the assumption of a constant reference flow (please refer to the examples provided in Supplementary Material, Section S7). For the fractional and TS parameters, the variation between the analytical and sampled uncertainty was considerably higher than for the physico- The results show considerably reduced differences between the analytical and sampled uncertainties.
While this supports the observations previously mentioned, it is important to realize that the smaller differences between analytical and sampled uncertainties simply indicate a better fit with the Monte Carlo uncertainty propagation, rather than suggesting that the assumption of a constant reference flow can be ignored.
Only dedicated waste LCA models such as EASETECH allow propagation of uncertainties related to waste composition, but currently it is not possible to fully respect the reference flow.
Therefore, both analytical and sampled uncertainty methods do only provide an approximation of the true uncertainty associated with the fractional and TS parameters. Waste composition data represent a M A N U S C R I P T
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22 hierarchy of relative information (Figure 2 ), and these data can be characterized as "closed data" (Aitchison, 1986; Chayes, 1971) . In the future, descriptive statistics on data of a higher hierarchy than the physico-chemical should be analyzed within a compositional data analysis framework, as also highlighted by Edjabou et al. (2015b) and .
Conclusions
Although very few LCAs of waste management systems consider effects of the waste composition, this study showed that the choice of waste composition was critical for the results and their uncertainty for the systems assessed. On average, the waste composition contributed to 48 % of the results and to 83 % of the uncertainty of the results. The contribution to the results was direct (input-specific emissions), but also indirect (process-specific emissions and background processes affected by the waste characteristics), depending on the specific modelling of the waste management and Riber et al. (2009) . "C bio": biogenic C, "C bio and":
anaerobically degradable C. The full dataset can be found in Table S8 in the Supplementary Material. Results of the discernibility analysis. The percentages represent the probability of S1 to perform better than the scenarios in the rows, for each impact category. Table 1 . Selected properties of the literature review-based waste composition utilized for the study provided in kg. The fractional composition and the moisture content of Danish household waste were obtained from and Riber et al. (2009) . "C bio": biogenic C, "C bio and": anaerobically degradable C.
The full dataset can be found at M A N U S C R I P T A C C E P T E D ACCEPTED MANUSCRIPT Table 3 . Results of the discernibility analysis. The percentages represent the probability of S1 to perform better than the scenarios in the rows, for each impact category. 
